Abstract-The water distribution system is a spatially large and complex system. Its proper functioning is determined by having been correctly developed in its design and in the hydraulic calculations. The basic purpose of the calculations is the selection of the diameters of the water pipes and the flow of water occurring, therein. This requires careful assessment of the results obtained and accuracy in the solutions applied. Issues, centred around the control of the results of the calculations, are difficult to present, algorithmically, as they are based mainly on the experience and knowledge of the designer. The authors of the present paper decided to use RBF artificial neural networks when calculating the water flow rate in particular sections of the aforementioned water pipes. In order to solve this problem, QK1 ÷ QK7 deciding classes have been defined in order to describe problems related to the water flow rate in the pipework. The RBF neural network, based on the parameters of the water pipework, selects one of the QK1 ÷ QK7 classes; this allows the process of the evaluation of the results of the hydraulic calculations, thus obtained, to be automated, albeit only partially.
INTRODUCTION
The water distribution system is a spatially large and complex system and comprises water pipes, their fittings and, in some cases, tanks and pumping stations. Its proper functioning is determined, not only by the appropriate selection of materials for its proper construction but also, by having been correctly developed, in its design and in the hydraulic calculations. The basic purpose of the calculations is the selection of the diameters of the water pipes, since this directly affects the flow of water occurring, therein. Designing a water distribution system, for a given topography, along with a site plan, as well as with specific water conditions, also requires the selection of optimal routes and a network structure that prevents water stagnation in the pipelines. This requires careful assessment of the results obtained and accuracy in the solutions applied. Issues, centred around the control of the results of the calculations, are difficult to present, algorithmically, as they are based mainly on the experience and knowledge of the designer. The authors of the present paper have decided to use RBF artificial neural networks, in their calculations of particular sections of the aforementioned water pipes, in assessing the water flow rate in pipework. In looped systems, a quite minor adjustment to the diameter of the loop, can radically change the water flow in the adjacent pipelines; evaluation of this parameter is, therefore especially important. The choice of the selection of one of the QK1 ÷ QK7 classes, in order to describe problems related to the assessment of the water flow rate in pipework, has been defined. Numerical experiments were conducted to show how artificial RBF neural networks, can be used to assess the water flow rate in pipework, by selecting the appropriate QK1 ÷ QK7 class.
II. ISSUES RELATING TO THE EVALUATION OF THE HYDRAULIC CALCULATION RESULTS OF WATER DISTRIBUTION SYSTEMS
The methodology for hydraulic calculations is well known and has been discussed, for many years, in other works [1, 2] . Due to the high complexity of the computational algorithm, computer technology is used. An automatic evaluation of the results obtained may be applied to calculation programmes to a limited degree, only. The algorithm calculates the given data, however, the results obtained may be inadequate, from the point of view of the functional requirements of the water distribution system. Calculations are usually performed repeatedly while striving for a correct solution. One interesting problem seems to be the introduction of artificial intelligence techniques, in respect of data analysis; this would, at least partially, automate and improve the evaluation process of the calculation results obtained.
Artificial, neural networks are used, increasingly, in water supply issues. The article [3] provides a review of artificial intelligence methods, including artificial neural networks, in the design and operation of water distribution systems. The paper also [4] proposes recurrent neural networks for calculating the flow and looped systems in water supply networks. The use of multilayer perceptron, to calculate pressure losses in water pipes, is described in the article [5] .
The method for the verification of results of hydraulic calculations, with the use of process diagnostics and artificial neural networks, is also presented in this paper [6] . The method for assessing pressure levels and the pattern of pressure zones, using artificial neural networks, is described in the article, at [7] , while the solution to the above problem, with the use of the C4.5 decision tree, is also discussed at [8] . The work [9] describes the proposal of an expert system and an artificial neural network, designed to assess pressure in the water supply network. Problems in the assessment of pressure loss, in which different methods of artificial intelligence were used, including expert systems, as well as the k-nearest neighbours method, are discussed in papers [10, 11, 12] .
III. METHODOLOGY FOR ASSESSING FLOW RATES IN WATER SUPPLY PIPES
The problem, considered in the present article, is one of assessing the flow rate in individual sections of water supply pipes, which occurs in the calculation of water distribution systems. The diameter of the water pipe, as well as its location in the water distribution system, are taken into account in order to prevent water stagnation in the pipelines. Naturally, it is possible to check the water flow rate or water flow speed immediately, in the results of calculations for individual sections. However, this method does not allow the actual reason for this condition to become any the clearer. A simple analysis of both the structure of the water supply network and the velocity of the water flow, allows the answer to the above question to be obtained and the appropriate remedial measures to be taken, in the event that incorrect values were used, at some earlier point. It has been assumed that a computer programme, for calculating water distribution systems, should be able to provide an intelligent analysis of calculation results and indicate the reason why a particular flow should be considered as incorrect. In connection with the above, QK1 ÷ QK7 classes have been defined, in order to highlight cases in which there may be problems with the proper flow of water through pipework; one further class, corresponding to the correct conditions, has also been defined [10] :
 QK1 -correct flow through the water pipe  QK2 -incorrect, that is, greatly reduced flow, due to the diameter of the duct being over-sized; correction of the diameter of the cable, located on the branching of the network, should not affect the flow of water in the adjacent sections  QK3 -flow too rapid, caused by the incorrectly selected diameter of the water pipe; diameter too narrow, in relation to the flow; correction of the diameter of the cable, located on the branching of the network, should not affect the flow of water in the adjacent sections  QK4 -location of the duct at the end of the water supply network, where small sections and water nodes diverge, in the case of the minimum diameter; it may be necessary, periodically, to rinse the duct in order to ensure adequate water exchange  QK5 -flow on the section is small in relation to the diameter; the wire is located in the looped of the network, hence any correction to the diameter may cause a change of flow, in other sections  QK6 -flow too high in relation to the diameter; cable is located in the network loop, hence any correction to the diameter may cause a change of flow, in other sections  QK7 -cable located in a loop with the water flowing in from both sides; low water uptake results in a reduced flow Using EPANET software [13] , hydraulic calculations of exemplary water distribution systems were conducted and examples were developed, in order to generate a decision tree for the assessment of the water flow rate in the pipework. 4331 training examples, describing individual QK1 ÷ QK7 class, were prepared. Each example is described by the following arguments:
 the inner diameter of the pipework Din  water flow rate through the cable Q n  water flow velocity V  an attribute STR, indicating whether the cable is located on the network branching or in the loop  EP -an attribute denoting whether there is water outflow to the further sections "OUT", in the end node of the calculation section, or an inflow from another cable "IN", or possibly only water uptake from the final node "END", at the end of the network A collection of training examples for three subsets: training, validating and testing. The selection of examples for particular subsets was made, using random sampling, with the assumption that the training set would account for 50% and the validating and testing sets would account for 25% of all training examples.
IV. NEURAL NETWORKS WITH A RADIAL BASIS FUNCTION
The radial network is a structure containing an input layer to which the signals are described by the input vector X= [x1, x2,…, xN] T , a hidden layer with K radial neurons and an input layer. Neurons of the inner layer have radial activation functions, which are generally marked as [14, 15] : (1) where ǁ  ǁ is the distance of the input vector X from the centre of the radial C neuron in the N-dimensional space. The most commonly used Euclidean measure is used to calculate the distance r.
The role of the neuron, hidden in the RBF networks, consists in the radial mapping of the space around the C centre. The location of the neuron centre, in the N-dimensional space, is determined in the network learning process. The superposition of signals, coming from all K neurons, hidden in the RBF network, allows all network centres to be mapped thus, (2) where K is the number of neurons in the hidden radial network.
The number of K neurons in the hidden layer and C centres should be determined in the process of the neural network training. The condition required for the RBF network to create an effective model for any function, however, is the provision of a sufficient number of radial neurons in the network structure. The number of radial neurons cannot be too large because it will not have the ability to generalise. The output value y of the radial neuron is determined on the basis of the distance r, by means of the radial function. The Gauss Function is used in RBF networks:
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where  is the shape factor.
In the case of a multi-criteria classification, the number of neurons in the initial layer is equal to the number of classes; however, output should be understood as one variable with nominal values.
The training of radial networks consists of two stages:
 selection of centres and deviation from the centre, i.e. the smoothing coefficient  selection of neuron weights in the output layer
The selection of C centres of the radial neurons was conducted using the K-means algorithm [16] . The size of the deviation, that is, the coefficient of smoothing, was determined by the k-nearest neighbours method.
The selection of weight values of the output neurons was made using the standard linear optimisation technique, which is a pseudo-inversion algorithm, that is, decomposition, according to singular values [14] . The quality of training of the output layer was evaluated using the sum-squares error function SOS, as described by the formula: (4) where P is the number of training cases, y is the value at the output of the neural network and t i is the target value of the network for the i-th learning case. T and one of the OK1 ÷ QK7 classes, appropriate for each training session on RBF artificial neural networks, was conducted. The evaluation of the neural network quality was conducted on the basis of the results of the validation set, using the E SOS learning error. An additional parameter of the neural network assessment is the accuracy of classification  defined as: (5) where ncor is the number of correctly classified training examples, nall is the number of all training examples subjected to classification.
Detailed classification results for the training, validation and testing subsets are included in the confusion matrix. This is a square matrix in which information, regarding the individual classes that the examples actually belong to, is given in rows, while information, as to the classes into which they were classified, by the classifier, is given in columns. The diagonal contains examples that have been correctly categorised, while those located beyond the diagonal have been incorrectly classified. At the same time, examples beyond the diagonal, indicate the classes into which they were incorrectly classified. Table 1 presents the training results of the RBF networks for assessing flows in water supply pipes. A neural network with 164 radial neurons, in the hidden layer, was adopted. The above neural network has the lowest number of ESOS training errors for the validation subset and a very high classification accuracy. The motivation for research was the idea of creating additional modules for assessing the results obtained in the computer software, for the calculation of water distribution systems. Currently, this task is conducted by the software designer. In order to obtain the correct solution, calculations are conducted many times, hence intelligent solutions would certainly be very useful at the design stage. It seems that any assessment of the results obtained, indicative of computational problems, is an interesting direction for future research, in the field of the application of artificial intelligence methods. In this present paper, QK1 ÷ QK7 classes have been proposed, of which one, namely, QK1, describes the correct conditions, whereas the classes OK2 ÷ QK7 indicate various problems related to the water flow rate in the pipework. A set of 4331 training examples was prepared and experiments were conducted with RBF artificial neural networks, in order to find the right number of neurons in the hidden layer. An RBF network with 164 radial neurons was obtained. The above network, as used in the computer software programme for hydraulic calculations, will assign a class to each water pipe and will indicate whether the flow is correct or incorrect. This type of classification, additionally describes the problem occurring within a given section of the water pipe. The results obtained in the training of the RBF neural networks show that networks of this type demonstrate clearly defined classes very well and can be used in computer programmes.

